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Abstract

Optical flow can be used to compute motion detection, time
to collision, structure, focus of expansion as well as object
segmentation. Unfortunately, most optical flow techniques
do not provide accurate and dense measures that are use-
Jful for these types of computations. In addition, most tech-
niques are also slow computationally. Albeit, one method
proposed by Camus is able to perform optical flow com-
putations in real-time capitalizing on redundancies in the
computation and spatial-temporal sampling trade-offs. It is
a simple technique based on simulating various motions and
computing the SD (sum-difference) of patches. Its problem is
that the produced field is not accurate and arbitrary in aper-
ture and blank wall situations. We show that the simulating
of various futures can be used as the factored samples that
produce the likelihood probabilities that can be used in a
particle filtering framework. Maximization/minimization or
computing the expectations of the likelihood at a particular
location does not necessarily produce the proper flow. We
suggest that likelihoods are well behaved when their vari-
ance is small and these can be propagated firstly to address
aperture problems and secondly to address the extended
blank wall problem. We show this propagation with thresh-
olded likelihood values and speculate on how the likelihood
distributions can be integrated into an algorithm that has its
basis in particle filtering.

1 Introduction

Optical flow is what results from the recovery of the 2-D
motion field (i.e., the projection of the 3D velocity profile
onto a 2-D plane; or the resulting apparent motion in an im-
age). Most optical flow techniques assume that uniform il-
lumination is present and that all surfaces are Lambertian.
Obviously this does not necessarily hold in the real-world,
but we assume that these conditions do hold locally. Opti-
cal flow describes the direction and speed of feature motion
in the 2D image as a result of relative motion between the
viewer and the scene. If the camera is fixed, the motion can

be attributed to the moving objects in the scene. Opticil
flow also encodes useful information about scene structure)
e.g., distant objects have much slower apparent motion tha
close objects. The apparent motion of objects on the imag
plane provides strong cues for interpreting structure and3-D
motion. Some creatures in nature such as birds are chigf
reliant on motion cues for understanding the world.
Optical flow may be used to compute motion detection
time-to-collision, focus of expansion as well as object ség
mentation; however, most optical flow techniques do nof
produce an accurate flow map necessary for these calcul
tions [1]. Most motion techniques make the assumption r‘
image irrandiance remains constant during the motion pro
cess. The optical flow equation relates temporal (1) cha e
in image intensity (I(z, y,t)) to the velocity (i.e., disparily
((u, v)). ‘
Lt Lotl, =0

This equation is not well posed and many approaches [2]us
a smoothness constraint to render the problem well-posed:

E%(z,y) = (Tyu+ Lw+ I)? + Mug? + uy® + v, 1

Motion field computations are similar to stereo :'{s
measures albeit for the spatial differences being smaller be
tween temporal images (because of a high sampling raf
and the 3-D displacement between the camera and the scei
not necessarily being caused by a single 3D rigid transfor
mation.

Motion recovery techniques have been classified [3]f
intensity-based differential methods, frequency-based file
ing methods and correlation-based methods. In additio
most of the approaches have usually three steps of proces
ing [3]: (1) prefiltering (low or band pass) to enhance sign
to-noise; (2) measurement extraction such as spatiotempor
derivatives or local correlation surfaces; and (3) measue
ment integration by regularization, correlation or a lgas
squares computation. Derivatives can be difficult to co
pute, especially temporal derivatives where values into
future are not available. Other problems that have be
discussed in survey papers [3] include: (1) the Validit}{-
equating optical flow with image motion; (2) the proble
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posed by occluding surfaces; and (3) the problem of trans-
parent motions. Optical flow only approximates image flow
d is different when texture is absent (i.e., optical flow is
210) and when the true motion field violates the bright-
1ess consistency model (e.g., highlights, shadows, variable
llumination). Studies of evaluating optical flow methods
[}, [4] have showed that differential and phase-based (fre-
quency category) methods produced better results than cor-
relation based methods, but still the results are problematic
especially for the extraction of additional information (e.g.,
Structure, segmentation, etc.).

One method of computing optical flow that interested
Us was a simple method of exhaustive search over a small
neighbourhood across n previous frames [5]. We found this
lechnique performed well when used to segment moving
fiom stationary objects however typically the optical field
Vilues were flawed. Figure 1 shows the results of segment-
ingmoving from static objects based on temporally accumu-
ating optical flow using a simple SD (sum-difference) com-
putation [5]. A potential function is created by summing
lirectional optical flow vectors temporally. Oscillating ob-
Jects (e.g., tree branches) would evolve into small potentials
over time while objects that traverse the scene (e.g., cars)
would produce a high potential value.

The SD technique [5] is intriguing because redundan-
ties in the calculations can be minimized to to speed per-
formance. We empirically investigated performance to be
inthe order of video frame capture rates (i.e., 10 to 30 fps)
3for 160x120 images on a Pentium II machine. The authors
tlaim that accuracy-performance trade-off is such that this
lechnique achieves reasonable accuracy at substantial bet-
tr speeds when compared to other techniques, especially
When compared to differential and frequency-based meth-
0ds. Typically, we found the performance claim validated
we encountered poor accuracy. The contribution of this
lechnique was the spatial-temporal search trade-off, where
starch temporally is O(n) as opposed to O(n?) spatially.
Ie exhaustive element of the algorithm is also interesting
inthat many possible futures are predicted. This led us to
tiplore a Bayesian interpretation of the search as providing
osterior probabilities for the optical flow field.

2 Real-time Optical Flow

lhe algorithm we used for computing optical flow informa-
lon is a correlation-based technique (based on simulating
arious motions) that has been shown to exhibit real-time
eriormance [5]. In this technique, the motion of a pixel at
2,3 in one frame to a successive frame, is defined by the
tlermined motion of a patch P, of u by p pixels centred
2,9), out of (21 + 1)  (2n + 1) possible displacements,
fhiere n is an arbitrary parameter dependent on the maxi-
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Figure 1:  Traffic Scene: (a) and (b) show one temporal shot
of a sequence of traffic frames at different resolutions. The motion
patterns, as indicated by black pixels, are readily visible.

mum expected motion in the image over two successive im-
age frames in a temporal sequence. The motion of the patch
is simulated for each potential displacement of [z, y] (given
by n) and a match strength M is calculated for each dis-
placement. Let ¢ represent a matching function. If I is the
firstimage examined and I, is the next successive image in a
temporal sequence, then the match strength for a patch [z, y]
for a simulated displacement (u, v) is calculated by:

Yu,w : M(z,y;u,v) =
2oLl shlitwgtu)) i j)e b,

This can be efficiently calculated by taking into account cer-
tain redundancies in the calculation. Let m represent the
simulation of all possible displacements of pixels [z, y] be-
tween /; and Iz, and M be the function that results by apply-
ing ¢ (which is a smoothing operator) over m. The smooth-
ing is only done over similar (u,v) displacements. In ad-
dition, since most averaging windows share common values
amongst neighbours, this is taken into account when com-
puting m and subsequently M to reduce the computational
time.

Additional efficiency in the algorithm can be obtained
by controlling the spatial or temporal sampling [5]. Spatial
sampling is constrained by the size of the figure of interest
and temporal sampling is constrained by the top speed of
the figure of interest. It is also claimed [5] that sampling
at various resolutions and interpolating the results can also
result in minimizing the effects of occlusion, however we
were not able to verify this claim. The computational effi-
ciency of the approach - O(s), s is the number of pixels -
is at the expense of an increase in storage capacity. In par-
ticular (where s is a single dimension of a square image,
(2n + 1)? elements define the square plausible pixel dis-
placement region, and (2¢,, + 1)? define the square smooth-
ing window), s? elements are required for storing each
temporal image (minimally two images), and for each pair
of temporally displaced images the following is required:
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(s — 2¢,,)%(2n + 1)? elements are required for storing the
simulated motion array; (s—2¢,, )? elements are required for
storing temporary smoothing values; and 2(s — 26,,)? ele-
ments are also required for storing the resulting optical flow
vector field. With regards to computation, the basic algo-
rithm requires (s — 2¢,,)[(2n + 1)2(s + 1) + 45 — 6¢,, — 3]
additions/subtractions. Typically both ¢, and n are rela-
tively small when compared to s resulting in an algorithm
complexity of O(s?).

We found that the Camus algorithm is problematic in
that it does not typically produce an accurate dense flow
field. This is especially true for objects where the intensity
slowly changes across the object. In order to partially rec-
tify this and still obtain reasonable performance, we solved
Laplace’s equation in each horizontal row with Dirichlet
boundary conditions imposed on the bounds as well as the
so-called reliable computed optical flow vectors. The ra-
tionale was to mimic at a reduced computational cost, the
smoothing criteria that the energy based methods use. It
should be noted that we estimated a noise value in our im-
age and used it as a threshold to remove noisy flow vectors.
Unfortunately, the threshold values were scene dependent.

Figure 2 shows the results of using only two adjacent
temporal scenes for segmenting moving from static regions.
Optical flow vectors are classified as reliable or not and the
reliable vectors are diffused (discussed later).

(@) (b)

Figure 2: Dense Flow Estimate: (a) shows where optical flow vec-
tors were detected using the Camus algorithm [5], while (b) shows
the results of the same algorithm with post processing to produce a
dense flow.

3 Velocity Likelihoods

A recent hypothesis [6] is that early motion analysis is the
extraction of local likelihoods which are subsequently com-
bined with the observer’s prior assumptions to estimate ob-
ject motion. Ambiguity is present in the local motion infor-
mation, either as a result of the aperture problem (e.g., the
vertical motion component is not attainable from a horizon-
tally moving edge just based on local information) [7] or the

extended blank wall problem (i.e., both vertical and horizon
tal gradients are zero and many motion velocities (u,v)
the brightness constancy equation) [8].

The goal in a Bayesian approach to motion analysisis
to calculate the posterior probability of a velocity given the
image data [6]. The posterior probability is computing us:
ing the spatiotemporal brightness observation (i.e., measute:
ment) I(z,y,t) at location z,y and time ¢ and the 2D mo-
tion (u, v) of the object, where  is a normalization constail
independent of (u, v):

P(u,’vl](ﬁ,y,t)) = aP(ua v)P(I(a:,y,t)|u,v) ““'

Assuming that the image observations at different posi
tions and times are conditionally independent, given 0,
then:

P(I(z,,1) |u,v) = aP(u,0)[[ P(I(s, i, t;) [t

i, |
(]
where the product is taken over all positions x;, y; and times
t;. ‘

=

The quantity to compute is the likelihood of a velocily

that it should favour slow speeds.
There have been three distinct approaches for image vé-

contaminations of the optical flow constraint equation.

oI 0I
—U+—v+—=0
X

defined as:

P(I|u,v) = aexp

—1 {01 oI ol

The second approach assumes that mean-zero Gaus"
noise is added to all of the spatial and temporal derivativt

like a fuzzy bowtie.

1 f(g—iu-k g—év-I-%{-)z
P(I[u,v):aexpp T

dzdt (8
There appears to be no consensus regarding what likel
hood to use [6], and others have even suggested a likeliho
where the noise in the spatial and temporal derivativesiscor
related E(II,1I;) = —0uyisgn(I. 1, I;) [11]. Altematively
generative models have also been proposed [6] and models
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[12] (here, state is expressed as translation and occlusion sit-
uations as opposed to just velocities) which use the Conden-
sation algorithm [13]. The generative model [6] proposed,
uses a model of a scene and noise and calculates the pre-
dicted intensity assuming a scene function moving at that
velocity. The residual intensity is attributed to noise, and
the less energy in the residual, the more likely the velocity.
The energy is converted to a probability that is a weighted
exponential of the residual. Extensions are presented where
$SD (sum-squared difference) and gradient constraint meth-
ods are shown to perform similar computations. In the case
of SSD, minimizing the SSD is equivalent to maximizing
the likelihood. Also, minimizing the gradient constraint is
ilso comparable to maximizing the likelihood.

Equivalently, we argue that SD (sum difference) can also
| beexpressed as a likelihood. Thus making the simplistic ap-
proach proposed by Camus [5] a candidate algorithm for a
Bayesian approach for real-time optical flow computation.
Rather than computing a single likelihood for the scene, we
compute a likelihood for each overlapping patch. We also
argue that there are really three different cases: (1) a well
defined symmetric likelihood; (2) an anti-symmetrical like-
lihood (i.e., aperture problem), and (3) a flat likelihood (i.e.,
extended blank wall or zero flow). We postulate that the
shape of the likelihood (i.e., variance) is an indicator of the
teliability of the optical flow value at that location. A tight
symmetrical likelihood translates to a good estimator. We
also suggest that likelihoods should be propagated spatially
intwo steps before temporal propagation. Firstly, the aper-
fure problem is addressed and secondly the extended blank
wall problem is solved. Three additional observations about
the Weiss-Fleet generative model [6] are that: (1) it is not
' lecessary to include noise in the model as noiseless images
produce similar likelihoods; (2) it is not clear that the expo-
nential is necessary as part of the likelihood (i.e., the finite
sampling window can be treated as a prior which only looks
it slow speeds); and (3) we argue that uncertainties need to
be propagated through time and maximization/minimization
or the expected values of the likelihood may not be appro-
;Iyriate for motion estimates.

Condensation Approach

The Condensation algorithm [13], also called particle filter-
ing, is usually used for tracking objects where the posterior
probability function is not unimodal or can be modelled by
1 predefined function such as a Gaussian. The Condensa-
tion approach is useful when there are multiple hypothesis
nd it is necessary to propagate them across time. A Monte
Carlo technique of factored sampling is used to propagate a
¢t of samples through state space efficiently. The posterior
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probability P(X; | I(z,y,t)), can be computed by using:
P(Il(z,y,t) | Xe) P(X¢ | X4-1)

9
P(I(z,4,7)) v
=aP(I(x,y,t)| X¢)P(X¢ | Xe—1) (10)

P<Xt I I(.T,y, t)) =

;where X; expresses the state at time ¢t. The
prior P(X;|I(z,y,t — 1)) is inferred from predict-
ing P(X;_1|I(z,y,t — 1)) through a temporal model
P(X:|X;:—1) which is used for computing the measure-
ments (observations) P(I(z,y,t) | X;) (i.e., the likelihood),
from which the posterior follows. The temporal model
typically includes a deterministic drift component and a
random diffusion component. It is also a set of samples
Sy = [s1,82,..., sn] selected from S;_; using a sample-
and-replace scheme that are propagated. The posterior is
only computed to an unknown scale factor a.

We adapt this terminology in the context of the SD (sum-
difference) algorithm proposed by Camus [5]. The prior is
expressed as the sampling window. The likelihood function
is produced from the simulated possible SD motions. We
only explore using a fixed lattice for computing the proba-
bility but this does not necessarily have to be the case and
should not be. The lattice or random samples should be de-
termined from the propagation based on the priors. The SD
motions are for patches. The maximum displacement is used
as a normalizing constant to produce probabilities. Also,
the produced probabilities are further normalized so that
the likelihood pdf (probability distribution function) sum is
unity.

5 Sum-Difference Bayesian View

In order to adapt the Sum-Difference (SD) approach with
a Bayesian perspective, it is necessary to investigate what
form the likelihood functions in a condensation framework
take. Firstly, With the SD approach, or for that matter,
the SSD (Sum Difference Squared) approach, a decision is
made on which is the best velocity vector to choose. This is
what the Camus algorithm does in its basic form [5]. Embel-
lishing the vectors by performing interpolation to get a more
smooth vector field is also possible as an additional step. For
a simple test scenario, we decided to look at the fields pro-
duced by a two-sequence image consisting of a somewhat
noisy square (see Figure 3) moving in the direction of the
top-right hand corner. Averaging was a 5x5 window and a
possible 7x7 motions were simulated centred on the pixel of
interest. Figure 4 shows the resultant flow field produced by
a two image pair describing movement towards the up-right
direction. Notice that some of the vectors appear to be quite
arbitrarily chosen.

Altematively, we can treat all the possible choices for
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Moving Square data : used for tests in Figures 4, 5, 6
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Figure 4: Minimum Error: using the SD approach for the tem-
poral pair in Figure 3. This also can be expressed as finding the
maximum probability.

each position as a pdf. The maximal possible change in in-
tensity value is used as a scaling factor for describing these
values as probabilities. Subsequently, the expected value of
this pdf is computed for each position in the image. The
resultant for the moving square is shown in Figure 5. The
expected flow value appears to better meet our expectations.
The flow at the corners tend to indicate what we expect from
the top-right directed motion. In addition, motion along the
horizontal and vertical edges also show the aperture prob-
lem, where the expected value is normal to the edge in ques-
tion and the vertical component is undetermined.

Figure 6 illustrates what the SD difference values in
probability form look like when computed at various loca-
tions in the image. Notice that the probabilities in 6a, 6b,
and 6d show the aperture problem, while 6¢ shows the
flow at the bottom right corner. The probability in 6¢ re-
flects our expectations but the flow in the expected value
does not reflect this as shown in Figure 5. Figure 6e il-
lustrates what the pdf looks like for the blank wall problem
while 6f presents the pdf for what is expected as a zero flow.
The pdfs for 6e and 6f are not distinguishable and it is only
the context that differentiates them.

The likelihood function is traced from inside the square
to outside the square going across the top-right hand corner
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Figure 5: Expected Optical Flow computed at each sampled locé
tion for the temporal pair in Figure 3. The optical flow is computed
by using the expected value of the local pdf.

in Figure 7. Itis interesting to note how the function evolves
along this gradient. The pdfs show high certainty that tie
flow in most of the sequence does not flow to the botton
left. The peak is visible in Figure 7b. It is highly distinc'
and critical for helping decide the flow in the cases whet
the aperture problem exists. ‘

The various models including the proposed generafiie
models described earlier for modelling the likelihoods allas:
sumed that the probability functions actually represented il
residuals, or what can be called the noise. We added Gaus
sian noise to the entire image as shown in Figure 8.
max/min approach produces a completely different veclo

We decided to look to at the pdfs computed on the no
image at locations that were computed equivalently in the
relatively non-noisy image in Figure 6a,b.c, and d. Thest
are shown with the matching sub-indexes in Figure 12, Iti§
interesting to note that the pdfs are almost identical in shapé
Rather than attributing the residual to noise, it appears thil"
the statistics of movement produce the residual :

were used as boundary conditions. We were not intereste ,:7
the actual flow vector values but rather the segmentationo
moving from static objects. In the moving square scenai
flow is also detected on the moving background, i.., theus
covering/covering of the background. If the background
not uniform as in the natural scene, these flow vectors a
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igure 6:  Local Probabilities: at various locations based on the
imulus presented in Figures 5 and 4. (a) is taken at location
21); (b) is taken at location (31,30); (c) is taken at location
1,39); and (d) is taken at location (22, 39). Notice the aperture
lem in (a), (b) and (d). (e) is taken at (22,30) and (f) is taken at
0,10). (e) shows the blank wall problem, while (f) shows the case
flow. Note that (e) and (f) are not distinguishable.
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Figure 7:  Local Probabilities: at various locations based on the
stimulus presented in Figure 5. (1) is taken at location (28, 24);
(2) is taken at location (29, 23); (3) is taken at location (30, 22); (4)
is taken at location (31, 21); (5) is taken at location (32, 20); (6) is
taken at location (33, 19); (7) is taken at (34, 18); and (8) is taken at
(35,17). Notice how the likelihood functions vary as one crosses the
top-right corner of the square.
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Figure 8: Moving Square data : with noise used for tests in Figures
9, 10 and 12.
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Figure 9: Minimum Error. using the SD approach. This can also
express a maximum probability. Gaussian noise has been added

to the original image. A low threshold value assuming 10% of the
image is noise is used to disregard certain flow vectors.

Expected Flow
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Figure 10:  Expected Optical Flow computed at each sampled
location of a noisy image. The optical flow is computed by using the
expected value of the local pdf. The stimulus is a well defined square
moving up towards the left.

Figure 11: Horn-Schunk : algorithm [2] executed on the tempofd
pair in (a) Figure 3 and in (b) Figure 8. Qualitatively, the resuhs
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Figure 12: Local Probabilities for Noisy Image: at various [oc

tions based on the stimulus presented in Figure 5. (1) is taken!
location (21, 21); (2) is taken at location (31, 30); (3) is taken at o
tion (31, 39); and (4) is taken at location (22, 39). Notice the aper
problem in (1), (2) and (4).
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field extends beyond the border of the arm. The dynamics
of the flow field at spatial discontinuities [12] is an area of
further investigation. The evolution of the flow field pdf as
shown in Figure 7 may give us some clues on how to pro-
teed but we need to investigate more and various stimuli.

In addition, from the discussions above, we conclude
that performing a straight min/max or expected value from
he possible choices is not sufficient but it is rather the ob-
strvation of the local pdf that is important. As mentioned
tarlier, we wanted to formulate our problem in a Conden-
sition framework. Propagating the uncertainty in aperture
ases will not solve the problem. There has to be integration
Spatially for each temporal pair. We suggest that this inte-
gration be treated in a two step fashion: (1) aperture problem
addressed first; and (2) subsequently the extended blank wall
problem is addressed. The local pdf for the extended blank
wall situation is indistinguishable from the pdf for zero flow.
We argue that the context will distinguish the two. The two
additional steps will add computation and that is why we
suggest that a simple test be conducted to determine if a
“blank wall”/”zero flow” situation is present. This can be
determined by looking at the local spatial gradients. This
will alleviate some of the computations at these locations
Which sometimes (especially in indoor environments) can
tomprise most of the scene. This will permit the additional
tomputation for diffusing the probabilities in an appropriate,
tobe determined, fashion.

6 Discussions

‘The formulation of a simple SD (sum difference) algorithm
inlo a Bayesian framework has been presented. Simply us-
‘ing the min/max or expected value to determine the optical
flow appears to produce incorrect results in some locations
inthe image. The local pdfs determined from the potential

5D value at each particular location by simulating poten-

': and background at spatial discontinuities has yet to be
roperly addressed.
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